Abstract. The analysis on the amino acid sequences of transmembrane beta barrel proteins (TMBs) provides deep insights about their structure and function. We found that the occurrence of Ser, Asn and Gln is significantly higher in TMBs than globular proteins, which might be due to their importance in the formation of β-barrel structures in the membrane, stability of binding pockets and the function of TMBs. Utilizing this information, we have devised statistical methods and machine learning techniques to discriminate TMBs from other folding types of globular and membrane proteins and we obtained the maximum accuracy of 96%. Further, we have devised protocols for identifying the membrane spanning β-strand segments and detecting TMBs in genomic sequences.
Introduction
The β-barrel membrane proteins (TMBs) perform a variety of functions, such as mediating non-specific, passive transport of ions and small molecules, selectively passing the molecules like maltose and sucrose and are involved in voltage dependent anion channels. These proteins contain β-strands as their membrane spanning segments and are found in the outer membranes of bacteria, mitochondria and chloroplast. The assembly of TMBs is somewhat more complex when compared to the assembly of transmembrane helical proteins having α-helices as transmembrane parts. This is probably due to the difference of amino acid sequences in the transmembrane part strands and helices; transmembrane helical proteins (TMH) contain a stretch of hydrophobic amino acid residues whereas transmembrane strand proteins are intervened by several charged and polar residues. Because of this feature, most predictive schemes, which are successful in predicting transmembrane helical segments, fail to predict the transmembrane strand segments and discriminating β-barrel membrane proteins.
We have systematically analyzed the amino acid compositions of TMBs, TMH and globular proteins, and observed that the residues Ser, Asn and Gln are predominant in TMBs. Utilizing amino acid and dipeptide compositions, we have devised statistical methods and machine learning techniques for discriminating TMBs. Further, we have developed a rule based approach and neural networks based method for identifying the membrane spanning segments. A novel protocol has been proposed for detecting TMBs in genomic sequences and a database has been set up for the annotation of TMBs in genomes.
Materials and Methods

Dataset
We have constructed several sets of data for the analysis, discrimination and prediction: (i) a dataset of 377 well annotated TMB sequences obtained from PSORT database (1) and a subset of 208 non-redundant TMB sequences with less than 40% sequence identity obtained with CD-HIT algorithm (2), (ii) non-redundant dataset of 19 known TMB structures with the sequence identity of less than 25%, (iii) 674 globular proteins belonging to different structural classes (155 all-α, 156 all-β, 184 α+β and 179 α/β proteins), (iv) non-redundant data set of 1602 globular proteins belonging to 30 different folds obtained from Protein Data Bank (3) (v) a dataset of 268 well-annotated TMH sequences and a subset of 206 non-redundant TMH sequences obtained from PSORT and (vi) the amino acid sequences of 275 completed genomes from NCBI database (http://www.ncbi.nih.gov/). This includes 23 genomes from archaea, 237 from bacteria and 15 from eukaryote. The total number of proteins in these three kingdoms of life is 52241, 686562 and 165186, respectively with the total of 903,989 sequences.
Computation of Amino Acid and Dipeptide Compositions
The amino acid composition for a residue type (e.g. Ala) in a protein is the number of amino acids of specific type normalized with the total number of residues. It is defined as:
where, i stands for the 20 amino acid residues. n i is the number of residues of each type and N is the total number of residues. The composition of dipeptides is a measure to quantify the preference of amino acid residue pairs in a sequence. This has been computed using the following expression:
where i,j stands for the distribution of 20 amino acid residues at positions i and i+1. N i,j is the number of residues of type i followed by the residue j. ΣN i and ΣN j are the total number of residues of type i and j, respectively.
The concept of motifs provides the information about the preference of residue pairs with a gap (any residue between the pair of residues). This has been computed using the same expression that we used for dipeptide composition (Eqn. 2). The main difference is that the residues i and j are the distribution of 20 amino acid residues at positions i and i+1 for dipeptides, and i and i+2, i and i+3 etc. for motifs.
Discrimination Methods
We have used statistical methods and machine learning algorithms for discriminating TMBs. In these methods, we have used the compositions of amino acids and dipeptides as attributes. The protocol used to discriminate TMBs using amino acid composition is given below: The amino acid composition has been computed for standard datasets of both globular (Comp glob ) and TMBs (Comp TMB ). For a new protein, X, firstly, we have calculated the amino acid composition using Eqn. 1. Then we have calculated the total absolute difference of amino acid composition between protein X and the amino acid composition of globular proteins, and that between protein X and TMBs. The protein X is predicted to be a TMB if the deviation is lowest with Comp TMB and vice versa (4).
We have followed the below mentioned steps to discriminate TMBs using residue pair preference/motif: (i) calculated the dipeptide composition for both globular (Dipep glob ) and TMBs (Dipep TMB ) and the difference between them (σ TMB-glob ); (ii) for a new protein, X, they have calculated the dipeptide composition using Eqn. 2 and given weights to the dipeptide composition with σ TMB-glob ; (iii) calculated the sum of weighted dipeptide composition and (iv) the protein X is predicted to be an TMB if the total weighted dipeptide composition is positive and globular protein otherwise.
Further, machine learning techniques including Bayes functions, Neural networks, Logistic functions, Support vector machines, Regression analysis, Nearest neighbor methods, Meta learning, Decision trees and Rules have been used to discriminate the TMBs.
Assessment of the Validity of the Method
We have performed a 5-fold cross-validation test for assessing the validity of the present work. In this method, the data set is divided into five groups, four of them are used for training and the rest is used for testing the method. The same procedure is repeated for five times and the average is computed for obtaining the accuracy of the method.
We have used different measures to assess the accuracy of discriminating TMBs, non-TMBs and combination of the two. The term, sensitivity shows the correct prediction of TMBs, specificity about the non-TMBs and accuracy indicates the overall assessment. These terms are defined as follows: 
Results and Discussion
Amino Acid Composition
We have computed the amino acid compositions for the 20 amino acid residues in 377 TMBs and the results are displayed in Fig. 1 . In this figure, we have also included the data for 674 globular proteins for comparison. We observed that the composition of Glu, His, Ile and Cys are higher in globular proteins than TMBs and an opposite trend is observed for Ser, Asn and Gln (4). The formation of disulfide bonds between Cys residues requires an oxidative environment and such disulfide bridges are not usually found in intracellular proteins (5) . Further, the analysis on the three-dimensional structures of 15 β-barrel TMBs showed the presence of just eight (0.1%) Cys residues and none of them are in membrane part. Hence, the occurrence of Cys is significantly higher in globular proteins than in TMBs. Glu is a strong helix former and this tendency influences the higher occurrence of it in globular proteins than TMBs. The comparative analysis on the occurrence of Ile in the β-strand segments of globular and TMBs revealed that the preference of Ile in TMBs is less than that in globular proteins, which may increase the occurrence of it in globular proteins.
The structural analysis of several TMBs shows that the residues, Ser, Asn and Gln play an important role to the stability and function of TMBs. In OmpA, the interior of β-strands contain an extended hydrogen bonding network of charged and polar residues and especially, the side chains of the residues, Ser22, Gln228 and Asn258 in OmpT, located above the membrane form hydrogen bonds to main chain atoms in the β-barrel. Interestingly, none of the residues, which have high composition in globular proteins (Glu, His, Ile and Cys), are involved in such pattern (6, 7) . In FecA, Yue et al. (8) showed that the binding pockets for diferric dicitrate involve the hydrogen bonds from the three residues, Gln176, Gln570 and Asn721 as shown in 
Discrimination of β-Barrel Membrane Proteins
We have used the compositions of amino acids, dipeptides and motifs for discriminating TMBs using statistical methods. An example to discriminate TMBs using amino acid composition is shown in Table 1 .
For 1ADT (adenovirus DNA binding protein), the deviation of amino acid composition from globular protein (34.18) is less than that of TMB (39.89) and hence this protein is predicted as a non-TMB. On the other hand, for OutD protein, the deviation from TMB (16.09) is less than that from globular protein (23.70) and hence it is identified as an TMB.The amino acid composition based method could correctly identify 89% of the TMBs (334/377) and exclude 79% of globular proteins (531/674). The dipeptides have more information than just amino acid composition and we observed an increase in accuracy. This information could correctly identify 95% of the TMBs and exclude 79% of the globular proteins (9) . The performance of motifs is better to exclude globular proteins and the accuracies of identifying 377 TMBs and excluding 674 globular proteins are 95.8% and 82.2%, respectively (10) .
Further, we have analyzed different machine learning techniques for discriminating TMBs. These methods could discriminate a set of 1088 TMBs and globular proteins with the accuracy in the range of 89-92% using amino acid composition (11) . We have also used a set of 49 amino acid properties for discrimination, which improved the accuracy up to 94% for the same set of proteins (12) . Interestingly, this will also have the ability of correctly excluding 1612 proteins belonging to 30 major folds of globular proteins with the accuracy of 99% as seen in Figure 3 . The inclusion of PSSM profiles enhanced the accuracy of discriminating TMBs (in a dataset of 206 TMBs and 1045 non-TMBs obtained with less than 40% sequence identity) up to 96.4% (13). Table 2 . We noticed that the accuracy is remarkably higher with machine learning techniques than with statistical methods. Further, the statistical methods could correctly identify the TMBs whereas the performance of machine learning techniques is better for excluding globular and TMH proteins than identifying TMBs.
Prediction of Membrane Spanning Segments
We have developed a "rule based approach" for predicting transmembrane β-strands using three features, (i) preference of amino acid residues in membrane spanning β-strands (conformational parameters), (ii) hydrophobic character and (iii) amphipathicity (21) . A set of five primary rules have been designed to assign the priority of each residue to be in transmembrane β-strand and four secondary rules to pick up the membrane spanning segments. The primary rules for assigning the priority . If these conditions are satisfied the priority is one and zero, otherwise. The secondary rules for picking up the membrane spanning segments are: if any residue has the priority of 5, two consecutive residues have the priority of 4 or three consecutive residues have the priority of ≥3 there is a possibility of a transmembrane β-strand segment around the residue(s). Extend the length in both directions so that there may not be two consecutive low priority residues (less than 3) or a residue of zero priority. If the segment is longer than 20 residues cut into two smaller segments at the residue of highest hydrophobicity. This method is mainly applicable to bacterial porins and it could predict the membrane spanning segments with the accuracy of 82%.
Further, we have set up a method using neural networks for predicting membrane spanning regions in TMBs. In this method, a three-layered neural network with one hidden layer has been used for predictions. Input layer reads the input information about a residue and its sequence neighbors from the neural network through a running window. Each residue is represented by a 21-bit vector (20 units for the amino acids and one unit for describing the terminal position of the protein). This input information is then fed forward through linear activation function, and the final signal received at the single unit of the output layer is transformed via a sigmoidal function to yield a value between 0 and 1. Our method could predict the membrane spanning regions of 13 TMBs with the accuracy of 73% using only the sequence information (22) . In addition, our method would provide the probability of each residue to be in the transmembrane segment.
Annotation of β-Barrel Membrane Proteins in Genomic Sequences
We have developed a novel method for detecting TMBs in genomic sequences. We have followed the below mentioned steps for detecting TMBs as depicted in Figure 4 : (i) identification of TMBs using the preference of residue pairs in globular, TMH and TMBs, (ii) exclusion of TMH proteins using SOSUI, a prediction system for TMH proteins, (iii) elimination of globular/TMH proteins that show the sequence identity of more than 70% for the coverage of 80% residues with known structures in PDB and (iv) elimination of globular/TMH proteins that have the sequence identity of more than 60% with known sequences in SWISS-PROT. This method showed good agreement with experimental observations. An example is shown below for E. coli.
The complete genome of E. coli has 4237 proteins and the comparison of residue pair preferences identified 1036 proteins as TMBs (step i). Further, globular and TMH proteins were eliminated with steps (ii-iv) and finally we obtained 87 sequences as TMBs. Interestingly, all the 11 TMBs of known structures from E. coli have been identified by our method. Further, our approach could detect representative sequences in all the 15 families of TMBs deposited in Transport Classification Database (23) .
We have developed a database, TMBETA-GENOME , for annotated TMBs in 275 genomic sequences and it is available at http://tmbeta-genome.cbrc.jp/ annotation/. TMBETA-GENOME includes several features, such as, the service for detecting TMBs in genomic sequences using various methods, related references, statistics for the detected TMBs by different methods for each genome, details about all algorithms used to detect TMBs, relative links to other databases and a help page (24) . An example is shown in Figure 5 . In this figure the results are shown for Escherichia coli. K12 genome. The method, "New approach" has been selected for obtaining the annotated TMBs. This search picked up 87 entries and the TMBs identified by the new approach are shown with the identification number. In addition, the results obtained with other methods are also given for comparison. This database is a valuable resource for finding annotated TMBs in genomic sequences. 
Conclusions
We have systematically analyzed the characteristic features of amino acid residues in the sequences of TMBs and globular proteins and revealed the differences between them. Utilizing this information, we have developed statistical and machine learning techniques for discriminating TMBs from other folding types of globular and membrane proteins. Further, rule based and neural networks methods have been proposed for identifying membrane spanning segments. A new approach has been developed to detect TMBs in genomic sequences and a data base has been set up for the annotated TMBs in genomes.
